Pulmonary embolism (PE) affects up to 600,000 patients and contributes to at least 100,000 deaths every year in the United States alone. Diagnosis of PE can be difficult as most symptoms are unspecific and early diagnosis is essential for successful treatment. Computed Tomography (CT) images can show morphological anomalies that suggest the existance of PE. Various image-based procedures have been proposed for improving computer-aided diagnosis of PE. We propose a novel method for detecting PE based on localized vessel-based features computed in Dual Energy CT (DECT) images. DECT provides 4D data indexed by the three spatial coordinates and the energy level. The proposed features encode the variation of the Hounsfield Units across the different levels and the CT attenuation related to the amount of iodine contrast in each vessel. A local classification of the vessels is obtained through the classification of these features. Moreover, the localization of the vessel in the lung provides better comparison between patients. Results show that the simple features designed are able to classify pulmonary embolism patients with an AUC (area under the receiver operating curve) of 0.71 on a lobe basis. Prior segmentation of the lung lobes is not necessary because an automatic atlas-based segmentation obtains similar AUC levels (0.65) for the same dataset. The automatic atlas reaches 0.80 AUC in a larger dataset with more control cases.
INTRODUCTION
Acute pulmonary embolism (PE) is a common condition that consists of the obstruction of one or more arteries in the lungs as a complication of deep vein thrombosis (DVT). Studies evidenced that acute PE mortality rates can reach 75% during initial hospital admission 1 and 30% within 3 years after the hospital discharge. 2 Although it can be successfully treated with anticoagulants, delays in diagnosis have shown to increase the risk of death. 3 Schickert et al. 4 confirmed that Computed Tomography (CT) image analysis allows detection of chronic thromboembolism. 3D texture information is relevant to quantify pulmonary parenchyma ischemia in CT imaging. 5 Recently Dual Energy CT (DECT) was shown to allow quantifying perfusion defects of the lung parenchyma 6-10 using iodine components derived from CT attenuation at two energy levels of 80 and 140 keV. Post-processing of DECT images permits isolating iodine components from other attenuations caused by anatomical structures. Therefore, accurate local quantification of the blood flow can be obtained and was investigated for various applications. Foncubierta-Rodríguez et al. 11 used the 4D data contained in DECT images for enhanced visualization of pulmonary perfusion using a color coded overlay. Moreover, other studies focused into analyzing the 3.5-D texture of the DECT images by combining the 3D texture in the different energy levels. [12] [13] [14] All these studies tried to detect the disease by analyzing the texture of the lung without distinguishing patterns present in the parenchyma from patterns found in the vascular structure of the lung. Therefore, these approaches are prone to information loss due to the unspecificity of the patterns analyzed.
In this paper a novel approach focused on the vessels of the lung is presented. Features that combine energy attenuation and spatial information are used to predict the existence of PE. These features are computed in automatically extracted anatomical lung regions. Results show that the proposed features contain enough information to locally predict the presence of PE. When compared to previous studies, the proposed approach requires no lobe segmentation, allowing to obtain fully automatic predictions.
METHODS
This section describes the details concerning the dataset and the techniques employed to carry out the experiments.
Dataset
Experiments were made on chest DECT images of 38 patients, 18 of them with proven PE and 20 control cases (CC). DECT images were obtained with a Discovery CT750 HD machine from General Electric Medical Systems.
Dataset-1 is a subset consisting of the 18 PE patients and 8 CC. The lung lobes of these patients were manually segmented by a medical doctor. The Qanadli index 15 was manually computed for each lobe of the 26 patients in Dataset-1. This index is used to quantify the degree of arterial obstruction in PE. Dataset-1 plus the 12 CC with no lobes segmentation is considered as Dataset-2. The Qanadli index on these 12 CC is assumed to be 0 in the full lungs. 11 energy levels were chosen from each DECT image (4-D image), from 40 KeV to 140 KeV in steps of 10 KeV.
Atlas of the lung
The features presented in this paper focus on the information inside the vessels, but this information may vary with the size of the vessel. Therefore, an atlas-based segmentation in regions with similar vessels size was selected. This atlas, proposed by Depeursinge et al., 16 allows to compare vessel properties in similar localization between patients. Moreover, this atlas can be computed fully automatically because it relies on the geometry of the lung, and no human interaction is needed. The atlas contains 36 region produced by intersecting 4 axis segmentations. For a better identification, the 36 regions where labeled with a 4 letter code according to the axis segmentation. The order of the letters and their meaning are shown in Figure 1 . E.g., the region 'LACM' corresponds to the Left lung-Anterior-Central-Middle region. The vertical segmentation was refined to obtain a balanced distribution of regions. The new approach computed the height of the lung using the distance between the highest point (apex) and the mean of the points of the base of the lung. This refinement produced more proportional vertical regions (see Figure 2) . A value was assigned to each region based on the Qanadli index of the lobes intersected by the region. This approximation to a Qanadli index by region was used as an indicator of PE.
Coronal segmentation:
Right, Left
Sagital segmentation: Anterior, Posterior
Vertical segmentation: Apical, Central, Basal
Axial segmentation: Peripheral, Midle, Central Figure 1 . Atlas-based segmentation presented by Depeursinge et al. 16 The atlas is built by dividing the lungs geometrically along 4 axes. The intersection of these divisions form the 36 regions of the atlas. The final regions were labeled with a 4-letters code placed in the order shown above and encode the position of the region in the corresponding axis.
Previous approach Figure 2 . Refined atlas segmentation for the vertical regions. In this work a vertical segmentation considering the shape of the lung is presented, and obtains more proportional regions than only considering the vertical size.
Features: energy-based prisms
The features were designed to encode the variation of the Hounsfield Units (HU) across the 11 energy levels and the attenuation caused by the iodine contrast in each vessel, combining the information of the 4 dimensions of the DECT image. The 140 KeV energy level was selected to segment the vessels thanks to its stability. Then, given a CT axial slice from the 140 KeV energy level, the vessels of the lungs were segmented by an appropriate threshold, obtaining a mask of the vessels (see Figure 3 ). This threshold was experimentally fixed to preserve the largest number of vessels, i.e. preserving the small vessels in the peripheral regions of the lung. A vessel axial section Vs ⊂ R 2 is defined as a connected component of the mask obtained for a given CT slice. Let HU i (p) be the HU for a given point p ∈ Vs, in the i ∈ {1, · · · , 11} energy level (see Section 2.1). Then, a Vs-prism V is defined as: Figure 4 illustrates the construction of a Vs-prism.
Let V be the set of Vs-prisms V . Then, the following function f defines the feature vector of a given Vs-prism:
where |Vs| is the cardinality of Vs.
Vs-prism classification
The number of Vs-prisms classified as healthy class in a given region allows to locally estimate the perfusion in that region. The more Vs-prisms are classified as healthy class, the healthiest is the region.
On average, 24,780 Vs-prisms and 27,068 Vs-prisms per patient were obtained in the lobe-based and in the atlas-based segmentation respectively. The small difference in average between both segmentations comes from the geometrical segmentation of the lung in atlas regions where some vessels were split. The distribution of the number of Vs-prisms in the different regions is shown in Table 1 and in Table 2 respectively.
A one-class support vector machine (SVM) classifier was used to model the healthy class and provide decisions for each Vs-prism in each region. Since it can not be assumed that all Vs-prisms in a region of the PE patients were equally affected, the non-healthy class could not be modeled. Because of this heterogeneous distribution, only the Vs-prisms of fully healthy patients were considered to train the healthy class (i.e. those patients with a Qanadli index equal to 0 in the full lung). Healthy regions in patients with PE were not used to train the classifier. Table 2 . Distribution of the Vs-prisms by atlas region. The mean proportion of Vs-prisms per region is 2.78% (100% divided by 36 regions).
The classification was done at the region-level because vessel size depends on the lung location, affecting the size of the Vs-prisms. This region-based classification allowed to compare Vs-prisms with similar size.
Validation
The proposed validation system was composed of three main steps: random selection of training patients to build a model, optimization of the SVM parameters for the obtained model, and evaluation of the performance in a test set. This process was repeated 10 times in order to reduce the effect of the random selection of the training set. As a one-class SVM classifier was used, only the parameter γ was optimized. Each model was created by randomly selecting 75% of the CC and 50% of the PE patients. The remaining patients, 25% of CC and 50% of PE, constituted the test set for this model. The optimization of the SVM parameter γ was performed with a leave-one-patient-out (LOPO) cross-validation. Only the Vs-prisms of healthy patients were considered for the training (see Section 2.4). The validation of the LOPO cross-validation was performed in all the patients of the model. The γ obtained in the optimization step and all the CC selected in the model were used to build the final SVM training model, and the final performance was computed on the corresponding test set.
In each repetition of the validation system, the selected γ can differ because of the random selection of the training patients that compose the model. In Section 3, the final performance shown is the mean performance of the models with the most frequently repeated γ. For Dataset-1, the models contain 6 CC and 9 PE patients, while the test sets contain 2 CC and 9 PE patient. In the case of Dataset-2, the models contain 15 CC and 9 PE patients and in this case the test sets contain 5 CC and 9 PE patients.
RESULTS
The area under the receiver operating curve (AUC) was used to measure the classification performance for each region. The mean of the AUCs and the weighted mean taking into account the percentage of Vs-prisms per region, as detailed in Section 2.4, were also computed to obtain an overall measurement for all regions. Mean AUC = 0.70 Weighted mean AUC = 0.71 Figure 5 . Mean AUC by lobe in the Dataset-1 using the lobe-based segmentation and the corresponding variance due to the random selection of patients that composes the validation models (see Section 2.5). The red line indicates the weighted mean AUC obtained by considering the proportion of Vs-prisms by lobe detailed in Table 1 . Figure 5 shows the mean AUC per lobe in the lobe-based segmentation and the variance obtained in the validation step, explained in Section 2.5. The mean value per lobe is always above 0.5. The overall mean is 0.70 AUC, but considering the proportion of Vs-prisms per lobe presented in Table 1 , the overall weighted mean is 0.71 AUC. The lowest AUC and the highest variance are obtained in the right middle lobe (RM) because its low proportion of Vs-prisms (see Table 1 ). In Figure 6 (left) it can be observed the size of every lobe and the performance in a green scale code, where light green denotes an AUC of 1, and fully black is an AUC of 0.5. For better understanding, an axial view of the 5 lobes is also shown in Figure 6 (right) with same color code for the AUC measure.
Dataset-1
The performance per region for the atlas-based segmentation is shown in Figure 7 . The variance of the performance for this segmentation is higher than for the lobe-based segmentation due to the low number of Vs-prisms per region (see Table 2 ). In this case, the mean AUC remains 0.60, while, considering the proportion Figure 6 . Posterior view and anterior view of a 3D visualization of the lobes, painted in a green scale corresponding to the mean AUC obtained by lobe. An axial slice with the 5 lobes is also provided with the same green scale. These two visualizations illustrate the size of each lobe and help understanding the heterogeneous distribution of Vs-prisms shown in Table 1 . Mean AUC = 0.60 Weighted mean AUC = 0.65 Figure 7 . Mean AUC by region in Dataset-1 using the atlas-based segmentation and its variance due to the validation step explained in Section 2.5. Regions with low mean AUC and high variance are those with fewer Vs-prisms, as shown in Table 2 . The weighted mean AUC of the regions considering this distribution of Vs-prisms is marked in red. The values are less stable than in the lobe-based segmentation because of the segmentation of the lungs into 36 regions and, as a consequence, their small number of Vs-prisms with respect to the number of Vs-prisms per lobe.
of Vs-prisms, the weighted AUC reaches 0.65. Again, the regions with lower performance are those ones with fewer Vs-prisms. The 3D visualization of the AUC per region presented in Figure 8 can not show the 36 regions, but illustrates the localization of the atlas regions. The green scale used is the same than in previous figures and the 2D visualization of the performance in the same Figure 8 needs 3 axial slices to show the 36 regions.
The results in Dataset-1 for the lobe-based segmentation had similar performance as the atlas-based seg- In combination with the 3 axial slides provided the size and the localization of the 36 regions can be observed. The performance is even higher than for the lobe-based segmentation in the central-peripheral regions considering the vertical and axial segmentations respectively (see Figure 1) . These regions are the ones with more Vs-prisms (see Table 2 ) because they are the biggest ones. mentation on the same dataset. It can be observed that the regions with lowest performance (low mean AUC and high variance) are the regions with fewer Vs-prisms in both segmentations. Figure 9 shows a large increment of the mean AUC per region and a high reduction of the variance in all regions. In this case, the mean AUC is 0.78 and the weighted mean AUC reaches 0.80 considering again the distribution of the Vs-prisms (see Table 2 ). The performance per region in Dataset-2 is above 0.5 in all regions. The 3D Figure 10 . The same information is provided for Dataset-2 as for Dataset-1 in Figure 8 . The high improvement of the smallest regions can be observed clearly. However, some small regions in the center of the lung still have low AUC. These are the regions with less than 0.6% Vs-prisms in Table 2 . Figure 6 clearly show this high improvement in all regions. The same green scale as in Dataset-1 figures is used for presenting the mean AUC per region.
Dataset-2

and 2D visualizations in
The number of healthy Vs-prisms per region in the training set of this dataset was increased and it had a direct influence in the stability of the final performance. Moreover, the newly added control cases enriched the reference class (healthy class) resulting in an important improvement of the final performance, increasing the mean AUC per region and reducing its variance across the models used in the validation.
DISCUSSION
Experiments on Dataset-1, based on the lobe-based and on the atlas-based segmentations, show that these two segmentations obtained similar results. As the atlas is computed fully automatically, no human interaction is needed to obtain similar performance as with the lobe-based segmentation carried out by an expert medical doctor. The poorest results on the atlas-based segmentation derive from the low number of Vs-prisms obtained per region because of the fine segmentation of the lungs into 36 regions. The mean percentage of Vs-prisms per region is 20% and 2.78% in the lobe-based and atlas-based segmentations respectively (see Table 2 ). By considering only those regions with a proportion of Vs-prisms close to the mean percentage, equivalent performance is obtained between both segmentations. The variance of these region also reaches the lowest values (see Figure 7) .
The third experiment on Dataset-2 was performed with the hypothesis that the AUC was affected by the number of healthy Vs-prisms used for training in each region. In this case results show an important overall increment but considering this time regions with fewer Vs-prisms (see Table 2 ), this increment is even higher.
The variance of the performance obtained, because of the validation step (see Section 2.5), behaves in the same way, obtaining a final variance much lower than for Dataset-1 with the same segmentation.
The lobe-based segmentation was provided only for 8 CC and, in order to avoid overfitting, this small set had to be split into training and testing sets when evaluating the performance of the methods. Standard settings often select 50% of the patients for training but large inter-patient variability in Dataset-1 seriously affected the creation of a healthy class with only 4 patients. This variability forced us to create a more complex validation process to compute a reliable performance of the classification. The process presented in Section 2.5 is able to deal with datasets with a small number of elements for each class. The proportions of patients in the selection of the models were designed to keep enough information of the reference class (healthy) while keeping sufficient patients for a test set.
The results obtained in Dataset-2 with a higher stability of the parameter γ selected by the optimization step also support the suitability of the validation system designed.
The selection of a one-class classifier was motivated by the heterogeneous distribution of the Vs-prisms in the lungs but it fits perfectly for unbalanced data such as Dataset-1.
CONCLUSIONS AND FUTURE WORK
In this paper new visual features are presented based on the vessel segmentation of DECT images that able to detect pulmonary embolism patients with a high accuracy. These features encode the information of the 4 dimensions in DECT in a single vector. The overall AUC values achieved are high taking into account the simplicity of the features presented and encourage the possibility that better performance can be achieved by just applying small improvements to the described techniques. Results also showed that a good performance is achieved using the atlas segmentation and no lobe segmentation is necessary to classify a new patient.
A new validation system was presented able to deal with an unbalance dataset with classes with few elements. The system provides information about the richness of the referenced class and avoids overfitting. Thanks to this extra information more reliable results were obtained.
The vessel segmentation proposed in this paper was based on a simple thresholding. Future work includes the use of other vessel segmentation techniques, such as, the one presented by Helmberger et al. 17 This vessel segmentation relies on the properties of the Hessian to model structures.
